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1
COLLABORATIVE PERSONALIZATION VIA
SIMULTANEOUS EMBEDDING OF USERS
AND THEIR PREFERENCES

BACKGROUND
1. Field of the Disclosure

The present disclosure relates to methods and systems for
collaborative personalization via simultaneous embedding
of users and their preferences.

2. Description of the Related Art

Content personalization systems are used to provide user
experiences wherein content is tailored to the users ascer-
tained preferences. Existing personalization systems infer
user interests in a user profile. However, a given user’s
profile tends to become stable over time, meaning that the
given user will be shown the same types of content repeat-
edly, which leads to decreasing user engagement over time.
One strategy for addressing this issue is to show the user
randomly selected items of content along with their recom-
mended content. However, this approach may show items
that the user is not interested in viewing, and therefore
degrade the user experience.

It is in this context that implementations of the disclosure
arise.

SUMMARY

Implementations of the present disclosure provide meth-
ods and systems for collaborative personalization via simul-
taneous embedding of users and their preferences.

In some implementations, a method implemented by at
least one server computer is provided, comprising: process-
ing interactions by a plurality of users with a plurality of
content items, the content items being provided over a
network in response to user requests received over the
network, wherein each content item is associated with one or
more entities; for each user, determining a user entity set that
includes entities associated with content items with which
the user interacted; embedding the users and the entities in
avector space, wherein the embedding is configured to place
a given user, and the entities of the given user’s user entity
set, in proximity to each other in the vector space; for each
user, performing a proximity search in the vector space to
identify a set of nearest entities to the user in the vector
space; for each user, generating a user profile using the
identified set of nearest entities to the user.

In some implementations, the embedding is configured to
predict a target entity in a given user entity set using context
entities in the given user entity set and identification of the
associated user of the given user entity set.

In some implementations, the embedding is configured to
minimize a loss function.

In some implementations, the loss function includes a
component configured to approximate a conditional prob-
ability of the target entity based on the context entities and
the identification of the associated user of the given user
entity set.

In some implementations, performing the proximity
search includes performing a k-nearest neighbor search.

In some implementations, the method further comprises:
receiving, over the network, a request to access content
items by a given user; in response to the request, determin-
ing recommended content items based on the given user’s
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user profile, and providing, over the network to the given
user, access to the recommended content items.

In some implementations, the request is defined from a
web page request, a search query, a social media access
request, or a product search.

In some implementations, the content items include one
or more of articles, social media posts, videos, images, and
audio.

In some implementations, a computer readable medium
having program instructions embodied thereon is provided,
the program instructions being configured, when executed
by a computing device, to cause the computing device to
perform the following operations: process interactions by a
plurality of users with a plurality of content items, the
content items being provided over a network in response to
user requests received over the network, wherein each
content item is associated with one or more entities; for each
user, determine a user entity set that includes entities asso-
ciated with content items with which the user interacted;
embed the users and the entities in a vector space, wherein
the embedding is configured to place a given user, and the
entities of the given user’s user entity set, in proximity to
each other in the vector space; for each user, perform a
proximity search in the vector space to identify a set of
nearest entities to the user in the vector space; for each user,
generate a user profile using the identified set of nearest
entities to the user.

In some implementations, a server computer is provided,
comprising: logic configured to process interactions by a
plurality of users with a plurality of content items, the
content items being provided over a network in response to
user requests received over the network, wherein each
content item is associated with one or more entities; logic
configured to, for each user, determine a user entity set that
includes entities associated with content items with which
the user interacted; logic configured to embed the users and
the entities in a vector space, wherein the embedding is
configured to place a given user, and the entities of the given
user’s user entity set, in proximity to each other in the vector
space; logic configured to, for each user, perform a prox-
imity search in the vector space to identify a set of nearest
entities to the user in the vector space; logic configured to,
for each user, generate a user profile using the identified set
of nearest entities to the user.

Other aspects of the disclosure will become apparent from
the following detailed description, taken in conjunction with
the accompanying drawings, illustrating by way of example
the principles of the disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

The disclosure may best be understood by reference to the
following description taken in conjunction with the accom-
panying drawings in which:

FIG. 1 conceptually illustrates user interaction with con-
tent delivered over a network, in accordance with imple-
mentations of the disclosure.

FIG. 2 conceptually illustrates the generation of training
data for a given user, in accordance with implementations of
the disclosure.

FIG. 3 conceptually illustrates generation of a vector
space in which users and entities are embedded, and gen-
eration of user profiles based on distance in the vector space,
in accordance with implementations of the disclosure.

FIG. 4 illustrates a method for determining a user profile
based on user interactions with content, in accordance with
implementations of the disclosure.
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FIG. 5 illustrates a system for providing content to users
based on user profiles, in accordance with implementations
of the disclosure.

FIG. 6 illustrates an implementation of a general com-
puter system, in accordance with an implementation of the
disclosure.

DETAILED DESCRIPTION

The following implementations describe systems and
methods for collaborative personalization via simultaneous
embedding of users and their preferences. It will be obvious,
however, to one skilled in the art, that the present disclosure
may be practiced without some or all of these specific
details. In other instances, well known process operations
have not been described in detail in order not to unneces-
sarily obscure the present disclosure.

Subject matter will now be described more fully herein-
after with reference to the accompanying drawings, which
form a part hereof, and which show, by way of illustration,
specific example implementations. Subject matter may,
however, be embodied in a variety of different forms and,
therefore, covered or claimed subject matter is intended to
be construed as not being limited to any example imple-
mentations set forth herein; example implementations are
provided merely to be illustrative. Likewise, a reasonably
broad scope for claimed or covered subject matter is
intended. Among other things, for example, subject matter
may be embodied as methods, devices, components, or
systems. Accordingly, implementations may, for example,
take the form of hardware, software, firmware or any com-
bination thereof (other than software per se). The following
detailed description is, therefore, not intended to be taken in
a limiting sense.

Throughout the specification and claims, terms may have
nuanced meanings suggested or implied in context beyond
an explicitly stated meaning. Likewise, the phrase “in one
implementation” as used herein does not necessarily refer to
the same implementation and the phrase “in another imple-
mentation” as used herein does not necessarily refer to a
different implementation. It is intended, for example, that
claimed subject matter include combinations of example
implementations in whole or in part.

In general, terminology may be understood at least in part
from usage in context. For example, terms, such as “and”,
“or”, or “and/or,” as used herein may include a variety of
meanings that may depend at least in part upon the context
in which such terms are used. Typically, “or” if used to
associate a list, such as A, B or C, is intended to mean A, B,
and C, here used in the inclusive sense, as well as A, B or
C, here used in the exclusive sense. In addition, the term
“one or more” as used herein, depending at least in part upon
context, may be used to describe any feature, structure, or
characteristic in a singular sense or may be used to describe
combinations of features, structures or characteristics in a
plural sense. Similarly, terms, such as “a,” “an,” or “the,”
again, may be understood to convey a singular usage or to
convey a plural usage, depending at least in part upon
context. In addition, the term “based on” may be understood
as not necessarily intended to convey an exclusive set of
factors and may, instead, allow for existence of additional
factors not necessarily expressly described, again, depend-
ing at least in part on context.

Disclosed herein is a novel technique to construct collab-
orative user interest profiles for personalized recommenda-
tion and ranking. The technique entails using not only the
historical interaction data of a given user, but also the data
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from other similar users to construct the user profile. This
enables a recommender to serve content to a given user,
based on the other users who have similar interests. User
profiles are important for any personalized digital content
serving platform and a large-scale intuitive solution to the
challenge of creating high quality user profiles is sought.

Existing approaches generally use a matrix-factorization
framework, which entails learning user and item (things to
be recommended) latent factors. The preference of a user for
a particular item is then estimated using the inner-product
(or some other similarity measure) of the user and item latent
factors. However, since these operations occur in a latent
space that not only depends on the dimension used, but also
on the cost function used for optimization, it is difficult to
intuitively think about and understand what is happening.

The presently described approach is more direct than
existing methods for constructing user profiles. In imple-
mentations of the present disclosure, users and items are
embedded in a Euclidean space such that items preferred by
a user are located in a close vicinity of the user, and users
who share similar preferred items are close to each other.
Construction of user interest profiles then directly follows
from a k-nearest neighbor search in the neighborhood of the
user vector in the embedded space to find items located
nearest to him.

Implementations of the disclosure solve the problem of
constructing user interest profiles in order to retrieve and
recommend interesting digital content for users. The history
of user interactions with different items is used to learn user
behavior. A good and rich interest profile allows delivery of
high quality and relevant content to users, increasing both
user engagement and revenue.

Broadly speaking, implementations of the present disclo-
sure model each item as a collection of entities which can be
a person, object, city, sport or any other object. For example,
an article/document can be associated with multiple enti-
ties—for instance, an article may be about entities “US
President” and “Barack Obama.” By looking at the historical
interaction data of users and items, a set of preferred entities
for each user is learned. This enables retrieving and recom-
mending documents which consist of the entities in which
the user is interested.

By way of example, suppose user_I clicked on item_J
which consists of entities e_J=[e_1, e_2, . . ., e_N]. A
training data set can be formed as the collection of users and
the set of entities they interacted with. So each data point is
of the following form: [user_I, e_J=[e_1,e 2, ..., e N]|.

During embedding, a state-of-the-art Doc2Vec approach
is applied, treating each data point as a document with user
id representing the document label and the set of entities
representing the words of the document. Embedding will by
nature embed similar users together, and also put the entities
close to the associated users.

During profile construction, once the embedding is done,
the user profile for a particular user can be created by finding
out nearest entities in the vector space under the assumption
that entities close to the user are either liked by the user or
are liked by other similar users. The corresponding value for
the entity can be chosen to be cosine similarity.

After learning the user profiles for all users, the profiles
are used for retrieval and ranking purposes.

The presently disclosed implementations provide several
advantages over existing methods of user profile generation.
Implementations of the disclosure enable efficient user pro-
file generation on a large scale. Use of k-nearest neighbor
based user profiles yields a profile and generation construct
that is easier to understand and interpret than existing latent
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factor based approaches. Further, the k-nearest neighbor
search can be made even faster by using hashing techniques.
Because the profile is distance-based in a vector space, the
scope or range of the profile can be adjusted. In other words,
it is possible to create a profile that is as expansive or as
focused as desired, such that as the scope of the profile
increases, the expected preference/interest of the user for the
additionally included entities will progressively decline.
Additionally, implementations of the disclosure enable
understanding of very complex relationships between enti-
ties and users by looking at the associated geometry in the
embedded space.

FIG. 1 conceptually illustrates user interaction with con-
tent delivered over a network, in accordance with imple-
mentations of the disclosure. In the Illustrated implementa-
tion the user 100 interacts with content presented in a
context 102. It will be appreciated that in various imple-
mentations, the context 102 can be defined by various ways
of presenting content over a network, such as the Internet. In
some implementations, the context 102 is a webpage pre-
sented through a browser application that is executed by a
computing device, such as a personal computer, laptop,
tablet, cellular phone, mobile device, etc. In other imple-
mentations, the context 102 can be defined by other forms or
containers for the presentation of content, such as through
various applications or apps, a social media stream/feed, etc.
The presentation of content in the context 102 is configured
to enable the system to determine user interactions, and by
extension, user interest, in various types of content. It will be
appreciated by those skilled in the art that the content can
include any kind of content that may be presented over a
network, including, without limitation, articles, documents,
pictures, video, audio, etc.

In the Tlustrated implementation, a series of article pre-
views are presented for the user 100 to choose from,
including a preview A, preview B, preview C, and preview
D, which when selected, provide access to corresponding
articles A, B, C, and D. By selecting or skipping the article
previews, a user indicates their interest or disinterest in
entities that are associated with the articles. For example, in
the Illustrated implementation, The user 100 has clicked on
the article preview C, which causes the full version of the
article C to be presented. As shown, the article C is asso-
ciated with various entities E,, E;, and E,,. That is, the article
C has been determined to be about these entities, and by
clicking on the article preview so as to view the article, the
user 100 has thereby indicated interest in these entities. In
some user profile systems, this indication of interest on the
part of the user 100 can be used as a signal to determine or
otherwise affect a feature vector 104 that defines the user’s
profile. For example, the user’s feature vector 104 can
include fields that correspond to the various possible enti-
ties, with each field having a value/score indicating the
user’s level of interest in the corresponding entity. In a
simplistic example, the fields have binary values indicating
interest/disinsterest in corresponding entities, whereas in
more sophisticated examples, the fields may have a range of
discreet or continuous values.

The user feature vector 104 can be applied to rank and/or
select articles for recommendation to the user. For example,
articles may have associated entity scores that indicate the
extent to which a given article is about a given entity, which
can be expressed as an article feature vector. Articles can
then be ranked in accordance with how well their article
feature vectors match against a given user’s feature vector.
However, a problem with such systems is that users will tend
to receive only content recommendations for content types
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in which they have already expressed interest. This results in
a lack of variety for the user, which can cause reduced user
engagement over time.

To address this issue, collaborative personalization and
filtering solutions have been sought, in which data from
similar users is also used to provide recommendations to a
given user. However, existing approaches in this vein rely
upon a matrix-factorization framework to learn user and
item latent factors. The preference of a user for a particular
item is then estimated using the inner-product (or some other
similarity measure) of the user and item latent factors.
However, since these operations occur in a latent space that
not only depends on the dimension used, but also on the cost
function used for optimization, it is difficult to intuitively
think about and understand what is happening.

By contrast, implementations of the disclosure employ a
simultaneous embedding technique that embeds users and
entities in a vector space such that the users are positioned
proximate to their preferred entities. As noted, this is accom-
plished by using a technique similar to Doc2Vec, but replac-
ing documents with users, and words of a document with
entities preferred by a user. The simultaneous embedding
into the vector space enables an intuitive understanding of
various types of relationships, including user-to-entity rela-
tionships, user-to-user relationships, and entity-to-entity
relationships.

For purposes of understanding in the present disclosure, it
is useful to describe the Word2Vec and Doc2Vec models
which have become widely used in recent years for distrib-
uted representation of words and documents. Word2Vec
(e.g., see Mikolov, T.; Sutskever, 1.; Chen, K.; Corrado, G.
S.; and Dean, J., 2013, “Distributed representations of words
and phrases and their compositionality,” Advances in Neural
Information Processing Systems 26. 3111-3119) and
Doc2Vec (ak.a. Paragraph Vector) (e.g., see Le, Q. V., and
Mikolov, T., 2014, “Distributed representations of sentences
and documents,” ICML, volume 14, 1188-1196) aim at
learning low-dimensional feature vectors (i.e., embeddings)
for words and documents from a large corpus in an unsu-
pervised manner, such that similarity between words (or
documents) can be reflected by some distance metric deter-
mined from their embeddings. The general assumption
behind Word2Vec and Doc2Vec is that more frequent co-
occurrence of two words inside a small neighborhood of a
document should imply higher semantic similarity between
them.

Let V be the size of the vocabulary (i.e., set of unique
words), N be the number of documents in the training set,
and K be the dimension of the vector space of embedding.
The vocabulary is denoted as W={w,, . .., w,}, and the
set of documents as D ={d,, . . ., dy}. Each document
de D is basically a sequence of n; words represented by
w4 w Wndd). Here the subscript d of n suggests that
the number of words is different from document to docu-
ment. For convenience, the shorthand w,%:w 2, i<j, is used to

d

denote the subsequence of words w,%, w,, % ..., w5 Wjd
in document d. Correspondingly, W=[w, . . . , w,]JER®"

denotes the matrix for word embeddings, and D=[d,, . . .,
d]ERF*Y denotes the matrix for document embeddings.
The symbol d, can in some instances be used interchange-
ably with the embedding vector d, to refer to the i-th
document, and d; can be used to denote the vector repre-
sentation of document d. Similar conventions apply to word
embeddings. o(*) denotes the sigmoid function, i.e., o(a)=1/
(1+exp(-a)).

Word2Vec is an unsupervised model for learning embed-
ding of words. Essentially, Word2Vec embeds all words in
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the training corpus into a low-dimensional vector space, so
that the semantic similarities between words can be reflected
by some distance metric (e.g., cosine distance) defined based
on their vector representations. Training the Word2Vec
model entails minimizing the loss function associated with
a certain classifier with respect to both feature vectors (i.e.,
word embeddings) and classifier parameters, such that the
nearby words are able to predict each other. For example, in
a continuous bag-of-words (CBOW) framework, Word2Vec
specifically minimizes the following average negative log
probability:

ng
Z Z —logp(f! [ Wil |, wh v ),

deD i=1

where c is the size of the context window inside which
words are defined as “nearby.” To ensure the conditional
probability above is legitimate, it is usually necessary to
evaluate a partition function, which may lead to a compu-
tationally prohibitive model when the vocabulary is large.
One way to bypass such an issue is to use hierarchical
softmax (HS), which factorizes the conditional probability
into products of some simple terms. Hierarchical softmax
relies on the construction of a binary tree B with V leaf
nodes, each of which corresponds to a particular word in the
vocabulary W. HS is parameterized by a matrix
HERX =Y whose columns are respectively mapped to a
unique nonleaf node of B. Additionally, we define
Path(w)={(i,j)EBledge (i,j) is on the path from root to word
w}. Then the negative log probability is given as

—logp(f! | Wi owfy, wh nfl ) = —log 1_[

wv)cPath(sf)

o(child(v) - {g?, h,)) =

c

- 2

(wv)cPath(sf)

logor(child(v) - (gf, ), gf = >’

—c=j=c

J#0

i+

where child (u,v) is equal to 1 if v is the left child of u and
0 otherwise. In a CBOW Word2Vec framework, g is
basically the input feature for an HS classifier corresponding
to a projection layer, which essentially summarizes the
feature vectors of context words surrounding w,%, and other
options like averaging of Wi+jd can also be applied. This
Word2Vec model can be directly extended to a distributed
memory (DM) Doc2Vec model by conditioning the prob-
ability of w on d as well as w,_ %, . . ., w,, %, which yields

c > i+c

—logp(f! | Wi owfl |, W v, d) =

¢t

-

(uv)ePath(vil)

logar(child(y)- @%, b)), &8 = da+ > Wi,

—c=j=c

J#0

In the DM Doc2Vec model as shown, instead of optimiz-
ing some rigorously defined probability function, both
Word2Vec and Doc2Vec can be trained using other objec-
tives, e.g., negative sampling (NEG).

As noted, implementations of the present disclosure are
drawn to generation of user profiles using an approach
similar to Doc2Vec, but in which the documents (or docu-
ment identifiers) are replaced with users (or user identifiers),
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and the words of a given document are replaced with entities
associated with a given user. Given the training data, the
goal is to learn a model that, given a user and his entities
inside a context window of entities surrounding a middle
(target) entity, predicts the middle entity. That is, the embed-
ding should maximize the conditional probability of a target
entity based upon the context entities and the user identity.
The optimization problem can be formally stated as follows:

logp(e(®) | e(t—k), ... ,e(t+k), )

where U is the total number of users, T, is the number of
entities in a user’s training data point, and i is the user index.
In some implementations, this probability is modeled via a
one-hidden layer Neural Network and training can be done
via back propagation. In some implementations, if the
number of entities is very large, then negative sampling can
be applied to reduce the computational requirement.

FIG. 2 conceptually illustrates the generation of training
data for a given user, in accordance with implementations of
the disclosure. In the illustrated implementation, specific
numbers and ranges are used for purposes of describing an
example. It will be appreciated that in other implementa-
tions, any other specific numbers or ranges may be used that
provide for generation of training data in accordance with
the techniques described.

With continued reference to FIG. 2, documents D,, D,,
and D; are content items (e.g. article, post, video, image,
etc.) in which a given user U, has demonstrated interest.
Each document is associated with particular entities, with
the strength of the association being represented by an
“aboutness” score/value that ranges from 0 to 1 in incre-
ments of 0.1 in some implementations. In other implemen-
tations, any other range or incremental value may be
applied. In the illustrated example, the document D, has a
score of 0.8 for an entity e, and a score of 0.2 for an entity
e,. The document D, has a score of 0.5 for the entity e, and
a score of 0.5 for the entity e;. The document D5 has a score
0f 0.2 for the entity e, and a score of 0.5 for the entity e,. A
higher score indicates greater strength of association, i.e.
greater extent that a given document is “about” a given
entity.

It will be appreciated that an entity can be any term or
phrase that is descriptive of a document, or which a docu-
ment can be determined to be about. From the standpoint of
the goal of generating user profiles, the entities can include
any term or phrase that is used as a feature of the user profile,
as further described below. In some implementations, enti-
ties can include any Wikipedia entity, which is any item
having a Wikipedia entry. In view of the foregoing, entities
can be any encyclopedic topic/subject, and may include
persons, places, things, subjects, topics, etc.

The entity score of a document can be further understood
as an indicator of user interest in the entity when a user
engages with the document. That is, the higher the entity
score, then the more likely that user engagement with the
document indicates user interest in the corresponding entity.
It will be appreciated that user engagement can be indicated
by detection of various interactions with a document, such
as accessing a document, selecting/clicking on a preview to
gain such access, posting a comment in response, endorsing
(e.g. indicating thumbs-up or liking) on a social network,
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sharing to a social network, detecting time spent reading or
viewing, selecting/clicking a link in a document, etc.

With continued reference to FIG. 2, a user A has interacted
with each of the documents D, D,, and D5, which indicates
that the user is interested in the entities which are associated
with each of the documents. In order to form training data
based on these interactions, for each interaction with a
document, the entity scores which are associated with that
document are converted to repeated sequences of the cor-
responding entities, and concatenated together. The number
of times that a given entity is repeated is correlated to the
entity score (e.g. the higher the entity score, the greater
number of times the entity is repeated in the sequence). The
sequences for all documents which the user has interacted
with over time are concatenated together to form the training
data set for the given user.

Consideration of the example shown at FIG. 2 will serve
to illustrate the foregoing method for generating training
data from user interactions with documents. As noted, the
user has interacted with each of the documents D,, D,, and
D;. Combining the entity scores from each of these docu-
ments yields a set 200 of entity scores. In some implemen-
tations, the entity scores in the set 200 can be temporally
ordered according to when the user interacted with each
document.

The entity scores in the set 200 are then converted to
repeated sequences of the corresponding entities, with the
number of repetitions being determined by the entity score
of'a given entity. In the illustrated implementation, the entity
scores are multiplied by 10 to yield an integer value of 0 to
10, and the integer value define the number of times that its
corresponding entity is repeated. Thus, the entity score
e,=0.8 from document D, is converted to a sequence of 8
recitations of e,; the entity score e,=0.2 from document D,
is converted to a sequence of 2 recitations of e,. The entity
score e,=0.5 from document D, is converted to a sequence
of 5 recitations of e, ; the entity score e; from document D,
is converted to a sequence of 5 recitations of e;. The entity
score e2=0.2 from document Dj; is converted to a sequence
of 2 recitations of e,; the entity score e, from document D,
is converted to a sequence of 5 recitations of e,. As shown,
the recitations of the entities are concatenated to form the
training data set 202.

An embedding technique similar to Doc2Vec is applied,
but replacing documents with user identifiers, and replacing
words of a document with a sequence of entities as defined
by the training data set 202 of the user. Thus, in the
illustrated implementation, the embedding is configured to
predict (or maximize the conditional probability of) a target
entity 204 in the training data 202 based on contextual
entities 206 as well as the user identifier.

FIG. 3 conceptually illustrates generation of a vector
space in which users and entities are embedded, and gen-
eration of user profiles based on distance in the vector space,
in accordance with implementations of the disclosure. The
users and the entities are embedded in accordance with the
techniques described above, wherein users and their corre-
sponding entities are given vector representations so as to
locate a given user in proximity to his/her preferred entities
(entities in which the user has demonstrated interest based
on tracked/detected interactions).

By embedding users and entities (their interests) in this
manner across all users and entities, then users will not only
be located in the vector space in proximity to their own
interests, but also to those interests of other users with which
they share interests. Thus, a user profile for a given user can
be constructed based on distance from the given user that
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will capture not only the entities for which the given user has
indicated an interest, but also entities that the given user is
likely to be interested in. By constructing a user profile in
this manner, collaborative personalization can be provided.

In the illustrated implementation, the users and entities
are embedded in the vector space 300, including users u,, u,,
and u;, and entities e, to e,,, for purposes of illustration. In
some implementations, to generate a user profile for a given
user, a k-nearest neighbor search in the vector space 300 is
performed to find k number of nearest entities to the given
user, as determined based on Euclidean distance in the
vector space 300. In other implementations, a user profile
may be generated by finding all entities within a predefined
distance of the given user in the vector space 300. A
similarity score for a given entity can be determined based
on the inverse of the distance of the entity from the given
user, as intuitively, the strength of the association or interest
of the user in a given entity is inversely related to the
distance between the user and the entity in the vector space.
That is, as distance decreases, user interest in the entity
increases.

With continued reference to FIG. 3, following a k-nearest
neighbor strategy where k=3, the user u, is shown to be
nearest to entities e,, ¢4, and e, at distances of 0.5, 0.6, and
0.9, respectively. Using the inverse of these distances as the
similarity scores for the various entities, then a user profile
P, for the user u, can be determined using the similarity
scores, which are 2, 1.7, and 1.1, respectively, for the entities
e,, e,, and e,. User profiles for the users u, and u; can be
generated in a similar manner, as shown in the illustrated
implementation.

It will be appreciated that the value of k for the k-nearest
neighbor search can be set to include a greater or lesser
number of entities as desired depending upon how expansive
a user profile is desired.

In other implementations, a user profile can be generated
by selecting entities that are located within a predefined
distance of the user in the vector space 300. By way of
example, in the illustrated implementation, entities within a
predefined distance of 1.0 of the user u; would include
entities e,, e,, and e,. Similarity scores could be calculated
based on the inverse of the distances, and used to assign
scores for each of the entities that reflect the relative interest
of'the user in each of the entities included in the user profile.

In some implementations, the concepts of a k-nearest
neighbor search and a predefined distance threshold can be
combined, wherein k-nearest neighbor entities are included,
except that entities beyond a predefined distance threshold
are not included.

FIG. 4 illustrates a method for determining a user profile
based on user interactions with content, in accordance with
implementations of the disclosure. At method operation 400,
a new user is identified. At method operation 402, demo-
graphic information about the new user is determined (e.g.
age, gender, location/address, etc.). Such demographic infor-
mation can be collected from the user (e.g. through user-
submitted survey information) and/or inferred (e.g. based on
user ip address). At method operation 404, a base profile is
assigned to the new user based on their demographic infor-
mation.

It will be appreciated that the base profile is not deter-
mined based on embedding of users and entities as described
above. This is because at this stage, there are not sufficient
recorded interactions with entities from which to determine
the embedding of the new user in the vector space. However,
content is recommended and provided on the basis of the
base profile, and at method operation 406, entity interactions
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by the new user with the provided content are tracked. At
method operation 408, it is determined whether a threshold
number of entity interactions has been reached. If not, then
the method continues to recommend content using the base
profile, while continuing to track the entity interactions.

An entity interaction is defined as an interaction with a
content item/document that is associated with a given entity.
Before the new user’s interaction data can be added to the
training data, a sufficient number of interactions need to be
recorded. Otherwise, the interactions of the user would not
accurately reflect the user’s preferences, and this would
contaminate the training data, as it would affect the embed-
ding of the entities. Broadly speaking, if the vector repre-
sentation of the users/entities is a n-dimensional vector, then
a number of entity interactions approximately on the order
of'n is required before embedding. For example, the system
may require three times the dimensionality of the vector
space. Thus by way of example, if the vector space is a 300
dimensional vector space, then 900 entity interactions will
be required. If each document has on average three entities
associated therewith, then approximately 300 document
interactions will be required to reach 900 entity interactions,
as each document interaction results in interactions being
recorded for each of the document’s associated entities.

During such time when the base profile is being used, it
will be appreciated that the base profile for a given user can
be adjusted based on the user’s interaction with provided
content. This can occur using techniques similar to that
described with reference to FIG. 1, wherein entity-based
features of the base profile are adjusted up or down based on
positive or negative interactions with content having certain
features (e.g. clicking, skipping, etc.).

When sufficient entity interactions have been obtained,
then at operation 410, the joint user-entity embedding tech-
nique described above is applied. That is, the training data
for the new user is determined in accordance with the
technique described above, and along with the training data
of other users, the joint embedding of the users and the
entities can be carried out, including the embedding for the
new user. Then at operation 412, a user profile for the new
user can be determined in accordance with the above, e.g.
using a k-nearest neighbor search to identify nearest entities
and determining similarity scores for the nearest entities.

This user profile can then subsequently be used to rec-
ommend content to the new user, and may encompass
entities beyond those that the new user has already inter-
acted with, as the user profile is now collaboratively deter-
mined.

FIG. 5 illustrates a system for providing content to users
based on user profiles, in accordance with implementations
of the disclosure. Broadly speaking, the system can be
configured to perform any of the methods for generating and
using user profiles to provide content over a network
described in accordance with implementations of the present
disclosure. A client device 500 is operated by a user to access
a content site or platform, which in various implementations
may be a social content/networking/sharing site, an e-com-
merce site, a news site, forum site, blogging site, etc. The
client device 500 executes an application 502 (which in
some implementations, may be a browser application or a
web application) that is configured to render to the display
504 of the client device 500 an interface for interacting with
the content site. The application 502 may communicate over
a network 506 (e.g. the Internet) with an application server
508 to obtain data so that the user may access the content
site, including accessing specific content, topics/categories,
a personalized feed, etc.
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It will be appreciated that in some implementations,
content can be obtained from a separate content server 510
for rendering in the context of the interface that is rendered
on the client device 500. For example, a preview of a piece
of content (e.g. an article from a 3’7 party news source) may
be provided, and accessing the article may redirect to obtain
the full content from the content server 510 (e.g. the 3" party
news source’s content server).

A profile analyzer 512 is configured to determine user
profiles in accordance with the methods disclosed herein.
The profile analyzer 512 includes training data generator
514 that is configured to process user interactions with
content, stored as interaction data 522 in a storage 520, to
generate training data 524 in accordance with the methods
described above. As noted, the training data 524 includes,
for each unique user, a sequence of entities generated from
the user’s historical interactions with content.

The profile analyzer 512 further includes embedding logic
516 that is configured to process training data 524 to embed
the users and the entities in a vector space as has been
described above. The resulting vector representations of the
users and the entities are stored as vector data 526. The
profile analyzer 512 further includes profile generation logic
518 that is configured to generate user profiles for the users
by, for each user, determining a set of nearest entities in the
vector space to the user. The profile generation logic 518
assigns such entities to the user to define the user profile, and
may further associate entity scores that are determined from
the similarity of the entity to the user, as determined from the
distance of the entities from the user. The user profiles thus
defined can be stored as user profile data 528.

It will be appreciated that the user profile data 528, can be
used by the application server 508 or content server 510 to
recommend content in response to a user request, such as a
search query or a request to view a given webpage. In some
implementations, this may entail ranking content or results
based on a given user’s user profile to determine the order
in which such content will be presented to the user.

The system may store entity data 530 that defines the
available entities for use for purposes of determining user
profiles. In some implementations, the system periodically
obtains entity data from an entity source (e.g. crawls the
entity source). One example of an entity source is Wikipe-
dia, wherein items having Wikipedia entries are used as
entities.

FIG. 6 illustrates an implementation of a general com-
puter system designated 600. The computer system 600 can
include a set of instructions that can be executed to cause the
computer system 600 to perform any one or more of the
methods or computer based functions disclosed herein. The
computer system 600 may operate as a standalone device or
may be connected, e.g., using a network, to other computer
systems or peripheral devices.

In a networked deployment, the computer system 600
may operate in the capacity of a server or as a client user
computer in a server-client user network environment, or as
a peer computer system in a peer-to-peer (or distributed)
network environment. The computer system 600 can also be
implemented as or incorporated into various devices, such as
a personal computer (PC), a tablet PC, a set-top box (STB),
a personal digital assistant (PDA), a mobile device, a
palmtop computer, a laptop computer, a desktop computer,
a communications device, a wireless telephone, a land-line
telephone, a control system, a camera, a scanner, a facsimile
machine, a printer, a pager, a personal trusted device, a web
appliance, a network router, switch or bridge, or any other
machine capable of executing a set of instructions (sequen-
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tial or otherwise) that specify actions to be taken by that
machine. In a particular implementation, the computer sys-
tem 600 can be implemented using electronic devices that
provide voice, video or data communication. Further, while
a single computer system 600 is illustrated, the term “sys-
tem” shall also be taken to include any collection of systems
or sub-systems that individually or jointly execute a set, or
multiple sets, of instructions to perform one or more com-
puter functions.

As illustrated in FIG. 6, the computer system 600 may
include a processor 602, e.g., a central processing unit
(CPU), a graphics processing unit (GPU), or both. The
processor 602 may be a component in a variety of systems.
For example, the processor 602 may be part of a standard
personal computer or a workstation. The processor 602 may
be one or more general processors, digital signal processors,
application specific integrated circuits, field programmable
gate arrays, servers, networks, digital circuits, analog cir-
cuits, combinations thereof, or other now known or later
developed devices for analyzing and processing data. The
processor 602 may implement a software program, such as
code generated manually (i.e., programmed).

The computer system 600 may include a memory 604 that
can communicate via a bus 608. The memory 604 may be a
main memory, a static memory, or a dynamic memory. The
memory 604 may include, but is not limited to computer
readable storage media such as various types of volatile and
non-volatile storage media, including but not limited to
random access memory, read-only memory, programmable
read-only memory, electrically programmable read-only
memory, electrically erasable read-only memory, flash
memory, magnetic tape or disk, optical media and the like.
In one implementation, the memory 604 includes a cache or
random access memory for the processor 602. In alternative
implementations, the memory 604 is separate from the
processor 602, such as a cache memory of a processor, the
system memory, or other memory. The memory 604 may be
an external storage device or database for storing data.
Examples include a hard drive, compact disc (“CD”), digital
video disc (“DVD”), memory card, memory stick, floppy
disc, universal serial bus (“USB”) memory device, or any
other device operative to store data. The memory 604 is
operable to store instructions executable by the processor
602. The functions, acts or tasks illustrated in the figures or
described herein may be performed by the programmed
processor 602 executing the instructions stored in the
memory 604. The functions, acts or tasks are independent of
the particular type of instructions set, storage media, pro-
cessor or processing strategy and may be performed by
software, hardware, integrated circuits, firm-ware, micro-
code and the like, operating alone or in combination. Like-
wise, processing strategies may include multiprocessing,
multitasking, parallel processing and the like.

As shown, the computer system 600 may further include
a display unit 610, such as a liquid crystal display (LCD), an
organic light emitting diode (OLED), a flat panel display, a
solid state display, a cathode ray tube (CRT), a projector, a
printer or other now known or later developed display
device for outputting determined information. The display
610 may act as an interface for the user to see the functioning
of the processor 602, or specifically as an interface with the
software stored in the memory 604 or in the drive unit 606.

Additionally or alternatively, the computer system 600
may include an input device 612 configured to allow a user
to interact with any of the components of system 600. The
input device 612 may be a number pad, a keyboard, or a
cursor control device, such as a mouse, or a joystick, touch
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screen display, remote control or any other device operative
to interact with the computer system 600.

The computer system 600 may also or alternatively
include a disk or optical drive unit 606. The disk drive unit
606 may include a computer-readable medium 622 in which
one or more sets of instructions 624, e.g. software, can be
embedded. Further, the instructions 624 may embody one or
more of the methods or logic as described herein. The
instructions 624 may reside completely or partially within
the memory 604 and/or within the processor 602 during
execution by the computer system 600. The memory 604
and the processor 602 also may include computer-readable
media as discussed above.

In some systems, a computer-readable medium 622
includes instructions 624 or receives and executes instruc-
tions 624 responsive to a propagated signal so that a device
connected to a network 626 can communicate voice, video,
audio, images or any other data over the network 626.
Further, the instructions 624 may be transmitted or received
over the network 626 via a communication port or interface
620, and/or using a bus 608. The communication port or
interface 620 may be a part of the processor 602 or may be
a separate component. The communication port 620 may be
created in software or may be a physical connection in
hardware. The communication port 620 may be configured
to connect with a network 626, external media, the display
610, or any other components in system 600, or combina-
tions thereof. The connection with the network 626 may be
a physical connection, such as a wired Ethernet connection
or may be established wirelessly as discussed below. Like-
wise, the additional connections with other components of
the system 600 may be physical connections or may be
established wirelessly. The network 626 may alternatively
be directly connected to the bus 608.

While the computer-readable medium 622 is shown to be
a single medium, the term “computer-readable medium”
may include a single medium or multiple media, such as a
centralized or distributed database, and/or associated caches
and servers that store one or more sets of instructions. The
term “computer-readable medium” may also include any
medium that is capable of storing, encoding or carrying a set
of instructions for execution by a processor or that cause a
computer system to perform any one or more of the methods
or operations disclosed herein. The computer-readable
medium 622 may be non-transitory, and may be tangible.

The computer-readable medium 622 can include a solid-
state memory such as a memory card or other package that
houses one or more non-volatile read-only memories. The
computer-readable medium 622 can be a random access
memory or other volatile re-writable memory. Additionally
or alternatively, the computer-readable medium 622 can
include a magneto-optical or optical medium, such as a disk
or tapes or other storage device to capture carrier wave
signals such as a signal communicated over a transmission
medium. A digital file attachment to an e-mail or other
self-contained information archive or set of archives may be
considered a distribution medium that is a tangible storage
medium. Accordingly, the disclosure is considered to
include any one or more of a computer-readable medium or
a distribution medium and other equivalents and successor
media, in which data or instructions may be stored.

In an alternative implementation, dedicated hardware
implementations, such as application specific integrated
circuits, programmable logic arrays and other hardware
devices, can be constructed to implement one or more of the
methods described herein. Applications that may include the
apparatus and systems of various implementations can
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broadly include a variety of electronic and computer sys-
tems. One or more implementations described herein may
implement functions using two or more specific intercon-
nected hardware modules or devices with related control and
data signals that can be communicated between and through
the modules, or as portions of an application-specific inte-
grated circuit. Accordingly, the present system encompasses
software, firmware, and hardware implementations.

The computer system 600 may be connected to one or
more networks 626. The network 626 may define one or
more networks including wired or wireless networks. The
wireless network may be a cellular telephone network, an
802.11, 802.16, 802.20, or WiMax network. Further, such
networks may include a public network, such as the Internet,
a private network, such as an intranet, or combinations
thereof, and may utilize a variety of networking protocols
now available or later developed including, but not limited
to TCP/IP based networking protocols. The network 626
may include wide area networks (WAN), such as the Inter-
net, local area networks (LLAN), campus area networks,
metropolitan area networks, a direct connection such as
through a Universal Serial Bus (USB) port, or any other
networks that may allow for data communication. The
network 626 may be configured to couple one computing
device to another computing device to enable communica-
tion of data between the devices. The network 626 may
generally be enabled to employ any form of machine-
readable media for communicating information from one
device to another. The network 626 may include communi-
cation methods by which information may travel between
computing devices. The network 626 may be divided into
sub-networks. The sub-networks may allow access to all of
the other components connected thereto or the sub-networks
may restrict access between the components. The network
626 may be regarded as a public or private network con-
nection and may include, for example, a virtual private
network or an encryption or other security mechanism
employed over the public Internet, or the like.

In accordance with various implementations of the pres-
ent disclosure, the methods described herein may be imple-
mented by software programs executable by a computer
system. Further, in an exemplary, non-limited implementa-
tion, implementations can include distributed processing,
component/object distributed processing, and parallel pro-
cessing. Alternatively, virtual computer system processing
can be constructed to implement one or more of the methods
or functionality as described herein.

Although the present specification describes components
and functions that may be implemented in particular imple-
mentations with reference to particular standards and pro-
tocols, the disclosure is not limited to such standards and
protocols. For example, standards for Internet and other
packet switched network transmission (e.g., TCP/IP, UDP/
1P, HTML, HTTP) represent examples of the state of the art.
Such standards are periodically superseded by faster or more
efficient equivalents having essentially the same functions.
Accordingly, replacement standards and protocols having
the same or similar functions as those disclosed herein are
considered equivalents thereof.

The above disclosed subject matter is to be considered
illustrative, and not restrictive, and the appended claims are
intended to cover all such modifications, enhancements, and
other implementations, which fall within the true spirit and
scope of the present disclosure. Thus, to the maximum
extent allowed by law, the scope of the present disclosure is
to be determined by the broadest permissible interpretation
of the following claims and their equivalents, and shall not
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be restricted or limited by the foregoing detailed description.
While various implementations of the disclosure have been
described, it will be apparent to those of ordinary skill in the
art that many more implementations and implementations
are possible within the scope of the disclosure. Accordingly,
the disclosure is not to be restricted except in light of the
attached claims and their equivalents.

What is claimed is:
1. A method implemented by at least one computer,
comprising:
processing interactions by a plurality of users with a
plurality of content items, the plurality of content items
being provided over a network in response to user
requests received over the network, wherein each con-
tent item is associated with one or more entities;
obtaining entity data from an entity source comprising an
encyclopedia;
for a user of the plurality of users:
determining, at a first time, that there are not a threshold
number of entity interactions with entities to deter-
mine an embedding of the user;
responsive to determining that there are not the thresh-
old number of entity interactions with entities to
determine the embedding of the user:
assigning a base profile to the user based upon
demographic information of the user; and
recommending content to the user based upon the
base profile;
determining, at a second time after the first time, that
the threshold number of entity interactions has been
reached for the user; and
responsive to determining that the threshold number of
entity interactions has been reached for the user:
determining, based upon the entity data obtained
from the entity source, a user entity set that
includes first entities associated with content items
with which the user interacted and second entities
associated with content items with which one or
more users similar to the user interacted, wherein
the user entity set comprises one or more entities
determined based upon encyclopedia entries of the
encyclopedia; and
embedding the user and entities associated with the
plurality of content items in a vector space,
wherein the embedding is configured to place the
user, the first entities of the user entity set, and the
second entities of the user entity set, in proximity
to each other in the vector space, wherein the
embedding is configured to predict a target entity
in the user entity set using context entities in the
user entity set;
adjusting a distance-based scope for generation of a user
profile,
wherein the distance-based scope corresponds to a first
level of interest of the user in one or more third
entities, of the entities associated with the plurality
of content items, within the distance-based scope,
wherein a second distance-based scope that is greater
than the distance-based scope corresponds to a sec-
ond level of interest of the user in one or more fourth
entities, of the entities associated with the plurality
of content items, within the second distance-based
scope,
wherein the one or more third entities within the
distance-based scope are also within the second
distance-based scope but the one or more fourth
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entities within the second distance-based scope are
not within the distance-based scope,

wherein the second level of interest of the user in the
one or more fourth entities within the second dis-
tance-based scope is lower than the first level of
interest of the user in the one or more third entities
within the distance-based scope;

performing a proximity search in the vector space to

identify a set of nearest entities to the user in the vector
space that are both (i) k-nearest neighbors of the user
and (ii) within the distance-based scope for generation
of the user profile, wherein at least one entity that is a
k-nearest neighbor of the user but is beyond the dis-
tance-based scope is not included in the set of nearest
entities to the user; and

generating the user profile using the set of nearest entities

to the user after determining that the threshold number
of entity interactions has been reached for the user.

2. The method of claim 1, comprising:

in response to a request defined from a social media

access request, determining recommended content
items based on the user profile.
3. The method of claim 1, wherein the embedding is
configured to minimize a loss function.
4. The method of claim 3, wherein the loss function
includes a component configured to approximate a condi-
tional probability of the target entity based upon the context
entities.
5. The method of claim 1, comprising:
for a second user of the plurality of users, determining a
second user entity set that includes fifth entities asso-
ciated with content items with which the second user
interacted and sixth entities associated with content
items with which one or more users similar to the
second user interacted, wherein the embedding is con-
figured to place the second user, the fifth entities of the
second user entity set, and the sixth entities of the
second user entity set, in proximity to each other in the
vector space;
determining a third distance-based scope for generation of
a second user profile associated with the second user;

performing a second proximity search in the vector space
to identify a second set of nearest entities to the second
user in the vector space that are within the second
distance-based scope for generation of the second user
profile; and

generating the second user profile using the second set of

nearest entities to the second user.

6. The method of claim 1, comprising:

receiving, over the network, a request to access content

items by the user.

7. The method of claim 6, comprising:

in response to the request, determining recommended

content items based upon the user profile.

8. The method of claim 7, comprising:

providing, over the network to the user, access to the

recommended content items.

9. A computer readable medium having program instruc-
tions embodied thereon, the program instructions being
configured, when executed by a computing device, to cause
the computing device to perform operations comprising:

processing interactions by a plurality of users with a

plurality of content items, the plurality of content items
being provided over a network in response to user
requests received over the network, wherein each con-
tent item is associated with one or more entities;
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obtaining entity data from an entity source comprising an
encyclopedia;
for a user of the plurality of users:
determining, at a first time, that there are not a threshold
number of entity interactions with entities to deter-
mine an embedding of the user;
responsive to determining that there are not the thresh-
old number of entity interactions with entities to
determine the embedding of the user:
assigning a base profile to the user based upon
demographic information of the user; and
recommending content to the user based upon the
base profile;
determining, at a second time after the first time, that
the threshold number of entity interactions has been
reached for the user; and
responsive to determining that the threshold number of
entity interactions has been reached for the user:
determining, based upon the entity data obtained
from the entity source, a user entity set that
includes first entities associated with content items
with which the user interacted and second entities
associated with content items with which one or
more users similar to the user interacted, wherein
the user entity set comprises one or more entities
determined based upon encyclopedia entries of the
encyclopedia; and
embedding the user and entities associated with the
plurality of content items in a vector space,
wherein the embedding is configured to place the
user, the first entities of the user entity set, and the
second entities of the user entity set, in proximity
to each other in the vector space, wherein the
embedding is configured to predict a target entity
in the user entity set using context entities in the
user entity set;
adjusting a distance-based scope for generation of a user
profile,
wherein the distance-based scope corresponds to a first
level of interest of the user in one or more third
entities, of the entities associated with the plurality
of content items, within the distance-based scope,
wherein a second distance-based scope that is greater
than the distance-based scope corresponds to a sec-
ond level of interest of the user in one or more fourth
entities, of the entities associated with the plurality
of content items, within the second distance-based
scope,
wherein the one or more third entities within the
distance-based scope are also within the second
distance-based scope but the one or more fourth
entities within the second distance-based scope are
not within the distance-based scope,
wherein the second level of interest of the user in the
one or more fourth entities within the second dis-
tance-based scope is lower than the first level of
interest of the user in the one or more third entities
within the distance-based scope;
performing a proximity search in the vector space to
identify a set of nearest entities to the user in the vector
space that are both (i) k-nearest neighbors of the user
and (ii) within the distance-based scope for generation
of the user profile, wherein at least one entity that is a
k-nearest neighbor of the user but is beyond the dis-
tance-based scope is not included in the set of nearest
entities to the user; and
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generating the user profile using the set of nearest entities
to the user after determining that the threshold number
of entity interactions has been reached for the user.

10. The computer readable medium of claim 9,

in response to a request defined from a product search,

determining recommended content items based on the
user profile.

11. The computer readable medium of claim 9, wherein
the embedding is configured to minimize a loss function.

12. The computer readable medium of claim 11, wherein
the loss function includes a component configured to
approximate a conditional probability of the target entity
based upon the context entities.

13. The computer readable medium of claim 9, wherein
performing the proximity search includes performing a
k-nearest neighbor search.

14. The computer readable medium of claim 9, wherein
the operations include:

receiving, over the network, a request to access content

items by the user;

in response to the request, determining recommended

content items based on the user profile; and
providing, over the network to the user, access to the
recommended content items.

15. The computer readable medium of claim 14, wherein
the request is defined from at least one of a web page
request, or a search query.

16. The computer readable medium of claim 9, wherein
the content items include at least one of articles, social
media posts, videos, images, or audio.

17. A computer, comprising:

a processor; and

memory comprising processor-executable instructions

that when executed by the processor cause performance
of operations, the operations comprising:
processing interactions by a plurality of users with a
plurality of content items, the plurality of content
items being provided over a network in response to
user requests received over the network, wherein
each content item is associated with one or more
entities;
obtaining entity data from an entity source comprising
an encyclopedia;
for a user of the plurality of users:
determining, at a first time, that there are not a
threshold number of entity interactions with enti-
ties to determine an embedding of the user;
responsive to determining that there are not the
threshold number of entity interactions with enti-
ties to determine the embedding of the user:
assigning a base profile to the user based on
demographic information of the user; and
recommending content to the user based upon the
base profile;
determining, at a second time after the first time, that
the threshold number of entity interactions has
been reached for the user; and
responsive to determining that the threshold number
of entity interactions has been reached for the
user:
determining, based upon the entity data obtained
from the entity source, a user entity set that
includes first entities associated with content
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items with which the user interacted and second
entities associated with content items with
which one or more users similar to the user
interacted, wherein the determining the user
entity set comprises determining that a first
entity is associated with a first content item with
which the user interacted and including the first
entity in the user entity set based on a first
strength of association score of the first content
item for the first entity, wherein the user entity
set comprises one or more entities determined
based upon encyclopedia entries of the ency-
clopedia; and
embedding the user and entities associated with
the plurality of content items in a vector space,
wherein the embedding is configured to place
the user, the first entities of the user entity set,
and the second entities of the user entity set, in
proximity to each other in the vector space,
wherein the embedding is configured to predict
atarget entity in the user entity set using context
entities in the user entity set;
adjusting a scope for generation of a user profile,
wherein the scope corresponds to a first level of
interest of the user in one or more third entities, of
the entities associated with the plurality of content
items, within the scope,
wherein a second scope that is different than the
scope corresponds to a second level of interest of
the user in one or more fourth entities, of the
entities associated with the plurality of content
items, within the second scope,
wherein the one or more third entities within the
scope are also within the second scope but the one
or more fourth entities within the second scope are
not within the scope,
wherein the second level of interest of the user in the
one or more fourth entities within the second
scope is different than the first level of interest of
the user in the one or more third entities within the
scope;
performing a proximity search in the vector space to
identify a set of nearest entities to the user in the
vector space that are both (i) k-nearest neighbors of
the user and (ii) within the scope for generation of
the user profile, wherein at least one entity that is a
k-nearest neighbor of the user but is beyond the
scope is not included in the set of nearest entities to
the user; and
generating the user profile using the set of nearest
entities to the user after determining that the thresh-
old number of entity interactions has been reached
for the user.
18. The computer of claim 17, the operations comprising:
receiving, over the network, a request to access content
items by the user.
19. The computer of claim 18, the operations comprising:
in response to the request, determining recommended
content items based upon the user profile.
20. The computer of claim 19, the operations comprising:
providing, over the network to the user, access to the
recommended content items.
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